This paper analyzes the influence that juvenile offenders serving time in the same correctional facility have on each other's subsequent criminal behavior. The analysis is based on data on over 8,000 individuals serving time in 169 juvenile correctional facilities during a two-year period in Florida. These data provide a complete record of past crimes, facility assignments, and arrests and adjudications in the year following release for each individual. To control for the non-random assignment to facilities, we include facility and facility-by-prior offense fixed effects, thereby estimating peer effects using only within-facility variation over time. We find strong evidence of peer effects for burglary, petty larceny, felony and misdemeanor drug offenses, aggravated assault, and felony sex offenses; the influence of peers primarily affects individuals who already have some experience in a particular crime category. We also find evidence that the predominant types of peer effects differ in residential versus non-residential facilities; effects in the latter are consistent with network formation among youth serving time close to home.
"Danbury wasn't a prison. It was a crime school. I went in with a bachelor of marijuana and came out with a doctorate of cocaine." George Jung (Johnny Depp) describing his introduction to cocaine industry in the motion picture Blow.
I. Introduction
Understanding the importance and nature of social interactions in criminal behavior not only provides insight into crime as an economic and social phenomenon, it is also important from a policy perspective. Broadly speaking, social interactions are likely to magnify the impact of any changes to economic and social fundamentals, which implies that policy changes are likely to have important dynamic benefits and costs. A better understanding of how criminal knowledge is spread and how criminal networks form can also be used to shape decisions throughout the criminal justice system, such as how to optimally group individuals convicted of various crimes within correctional facilities so as to reduce future recidivism.
Prior empirical research has documented evidence consistent with the possibility that social interactions are of first-order importance in criminal behavior. Glaeser et al. (1996) , for example, show that crime exhibits extremely high variance across time and space and that only a small portion of this can be explained by detailed measures of fundamental economic and social conditions. 1 A longstanding criminology literature, starting with Glueck and Glueck (1950) , documents a strong positive correlation between individual and peer criminal (delinquent)
behavior.
2 But, few papers convincingly document causal effects of peers on one another. Jacob and Lefgren (2003) find that school attendance increases violent crimes but decreases property crimes, which underscores the role played by social interactions in explaining violent crimes.
Other research has studied the role of neighborhoods in determining criminal behavior, although it remains unclear in these studies whether the results are driven by changes in private incentives or by social interactions (Case and Katz, 1991; Ludwig et. al., 2001; Kling et. al., 2005) .
In light of the limited direct evidence to date, the central goal of this paper is to estimate the effects of peer characteristics on criminal behavior in a manner that deals directly with the non-random matching of individuals to their peers. Specifically, we examine whether the behavior of a juvenile offender upon release from a correctional facility is influenced by the characteristics of individuals with whom he concurrently served time in that facility. The analysis is based on data on over 8,000 individuals who served time in 169 juvenile correctional facilities during a two-year period in Florida. These data provide a complete record of past crimes, facility assignments, and arrests and adjudications in the year following release for each individual.
Our empirical analysis consists of a series of regressions that relate recidivism in each of a number of crime categories to individual demographic and criminal history characteristics, peer demographic and criminal history characteristics, and interactions between these individual and peer characteristics. To control for the non-random assignment of juveniles to facilities, we include facility and facility-by-prior offense fixed effects in these regressions. This ensures that the impact of peers on recidivism is identified using only the variation in the length of time that any two individuals who are committed to the same facility happen to overlap.
Relative to other settings where the estimation of social interactions has proven more difficult, this empirical strategy exploits a unique feature of correctional facilities-namely, that the peer group is constantly evolving over time with the admittance and release of individuals as their sentences begin and expire. 3 As long as the date at which a given individual is assigned to a facility within the two-year sample period is random with respect to the peers in the facility at that time, this empirical strategy properly controls for the non-random assignment of individuals to facilities. We provide a number of tests of this central identifying assumption, demonstrating that: (i) the within-facility variation in peer characteristics is orthogonal to all observable individual characteristics, (ii) the estimated peer effects are completely robust to general or localized trends in criminal activity, and (iii) the estimated peer effects cannot be explained by the facility assignment of individuals who have committed crimes together.
One of the goals of this paper is to understand how crime is spread and the mechanisms underlying this dispersion. Thus, an important feature of our analysis is that it allows crimespecific peer effects to vary with an individual's own criminal experience. In this way, we seek to distinguish between peer effects that reinforce existing criminal tendencies and those that cause individuals to branch out into new areas of criminal activity. Our analysis provides strong evidence of the existence of peer effects in juvenile correctional facilities. In almost every instance, these peer effects are reinforcing in nature: exposure to peers with a history of committing a particular crime increases the probability that an individual who has already committed the same type of crime recidivates with that crime. In our main specification, reinforcing peer effects exist for burglary, petty larceny, felony and misdemeanor drug offenses, aggravated assault, and felony sex offenses. In contrast, there is no evidence of such peer effects for individuals with no prior experience in a given crime category. We demonstrate the robustness of these results to a variety of alternative specifications and explore heterogeneity in the magnitude and nature of peer effects across individuals, peers, and facilities. Taken as a whole, these results help to distinguish among alternative explanations for the existence of crimespecific peer effects, a matter we take up later in the paper.
The remainder of the paper is organized as follows. Section II describes the data and provides some background on the Florida juvenile justice system. Section III outlines our basic empirical methodology and presents a number of diagnostic tests of our identifying assumption.
Section IV presents the results and Section V concludes.
II.

Data and Juvenile Corrections in Florida
Assignment to Juvenile Corrections in Florida
The assignment of juveniles to facilities in Florida typically occurs in two steps with the judge first deciding the appropriate risk level of the youth and the Department of Juvenile Justice then assigning the youth to a particular program. More specifically, upon the finding by the courts that a juvenile has committed a delinquent act, Department of Juvenile Justice probation officers must prepare a predisposition report and assessment. Under Florida statutes, this predisposition report must include a classification of the risk level of the youth, which captures the degree to which the youths represent a risk to themselves and the public. There are five risk levels: minimum-, low-, moderate-, high-, and maximum-risk. During the period of our study, decisions were primarily made on the basis of current and past offense characteristics. 4 In addition, individuals whose current offense is a first-degree felony, a sex offense, or a firearmrelated offense are automatically excluded from the minimum and low risk categories. Based on the probation officer's recommendation and assessment of the youth, the judge makes the final decision about the appropriate risk level.
5 4 More recently, the probation officer's report is largely based on the results of an assessment tool that was put in place in 2005; in addition to information about current and past offenses, PACT (Positive Achievement Change Tool) includes a series of questions about schooling, free time, employment, relationships, family history, living arrangements, alcohol and drugs, mental health problems, attitudes, aggression and skills. The recommended risk level is largely based on the youth's PACT score. 5 Significant efforts were made to identify an algorithm that is used to assign the risk level. Such an algorithm is not written into Florida statutes nor readily available.
These risk levels are also used to classify facilities. 6 One of the primary differences across facilities within these different risk levels is the level of access that youths have to the community. Minimum risk facilities are non-residential; youths in these facilities live at home and participate at least five days a week in a day treatment program. Low risk facilities are residential but the youth are allowed to have unsupervised access to the community. Only supervised access to the community is allowed in moderate risk facilities and rare access in high and maximum risk facilities. The level of security also increases with facility level.
Given this judge-assigned risk level, the Florida Department of Juvenile Justice places the juvenile in a particular program. These programs vary greatly in type: there are halfway houses, group treatment homes, boot camps, contracted day treatment programs, intensive residential treatment programs, sex offender programs, work and wilderness programs, jails, etc.
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The decision as to the appropriate program within a given risk level for a particular youth is based on a number of factors, including: the recommendation of the probation officer, any special needs of the youth that were determined in the assessment, and the availability of beds.
Data Description
The primary data source is the internal database maintained by the Florida Department of Bayer and Pozen (2005) . 8 Note that this sample structure does not limit our ability to observe sentences of any length. The individuals that we observe serving longer sentences simply tend to have been admitted earlier, sometimes well before our study period begins. 9 Individuals who are 14 and older and who commit sufficiently serious crimes may be processed in the adult criminal system. Though we cannot observe such recidivism offenses, this should not influence the results regarding relatively minor crimes such as misdemeanor drugs, petty larceny, and burglary.
emphasize, however, that all individuals for whom facility assignment and admit/release date information is available are used in constructing the measures of peer characteristics.
The sample includes not only detailed information on recidivism behavior, but also data on the youths' correctional facility assignments, criminal histories, personal characteristics, and home neighborhoods. Descriptive statistics are presented in Table 1 . Measures of overall recidivism can be constructed on the basis of either a subsequent adjudication (conviction) or a subsequent criminal charge. 51 percent of the sample recidivates within a year of release by the former measure and 67 percent by the latter. We use a subsequent criminal charge as our definition of recidivism because this characterization permits individuals to recidivate in multiple crime categories (many do) and avoids a series of issues related to adjudication when an individual has been charged in multiple categories. 10 Using this measure of recidivism, Table 1 shows that 14 percent of the sample recidivates with a burglary offense, 12 percent with a petty larceny offense, and 9 percent with a felony drug offense, misdemeanor drug offense, auto theft, and a grand larceny offense, respectively. Note that because the different possible outcome variables are not mutually exclusive, the sum of the recidivism rates in all possible crime categories is greater than the overall recidivism rate of 67 percent.
The paper focuses on ten main crime categories: auto theft, burglary, grand larceny, petty larceny, robbery, felony drug crimes, misdemeanor drug crimes, aggravated assault and/or battery, felony weapons crimes, and felony sex crimes. Appendix Table 1 contains descriptions of particular crimes associated with each of these categories. These categories were chosen on the basis of three criteria: (i) the offense is serious enough to contribute to the FBI crime index; (ii) the offense is defined well enough to interpret the results; and (iii) recidivism rates are great enough so that the estimation is reasonably precise. Disorderly conduct is not included, for example, because the exact nature of the offense varies greatly across crimes, and misdemeanor sex offense is not included because only 27 of the 8,216 individuals recidivate with this crime.
The individual characteristics listed in Table 1 under the assumption that the within-facility variation in peer characteristics is random with respect to when an individual is assigned to the facility. This is the central identifying assumption of the paper and we provide direct evidence to support this assumption below.
Constructing the Peer Measures
In particular, we estimate each individual's exposure to peers who would have been released either before or after the sample period by using the characteristics of the individuals observed to be released from the facility during the full sample period. In this way, we form the peer measure used in the analysis by averaging (i) the characteristics of those peers actually observed to overlap with the individual and (ii) a properly weighted measure of the estimated characteristics of the peers with whom this individual would have overlapped, but who were released outside of the sample period. This ensures that the peer measure used in the analysis is an unbiased measure of the true peer measure for each individual as long as the sample of individuals released during the study period is not systematically different than those released just before or after it. In this way, while our subsequent peer measure is subject to some measurement error, this error is uncorrelated with the individual characteristics included in the regression. We describe the exact procedure used to construct the peer measure, dealing with four separate cases of censoring, in Appendix 1.
III. Empirical Methodology and Identification
Empirical Specification
The primary analysis presented in this paper relates recidivism to vectors of individual and peer characteristics. 11 The general specification that we take to the data can be written as: (1) for ten crime categories simultaneously using a seemingly unrelated regression (SUR) framework.
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Following the theoretical motivation laid out in the introduction, we focus our analysis on crime-specific peer effects: e.g., does the increased exposure to peers with a history of auto theft make an individual more likely to commit auto theft upon release? These crime-specific peer effects are captured by the parameters ! 0 and ! 1 in equation (1). It is important to emphasize that the total number of prior felonies along with controls for the prior histories of peers in each of the ten crime categories are included in each regression in the vector P ijt .
A second important feature of equation (1) is that it allows crime-specific peer effects to vary with an individual's own criminal experience, as reflected in the parameters ! 0 and ! 1 . We chose this specification at the outset for two main reasons. First, the distinction between peer 11 Clearly, recidivism is a function of both actual criminal activity and the probability of arrest and adjudication. To the extent that some peer effects take the form of learning to avoid arrest and adjudication, our analysis will understate the overall level of increased criminal activity that follows exposure to peers with more experience at a given crime. On the other hand, it is possible that exposure to peers in prison makes an individual bolder or less cautious when committing crimes upon release; this type of "machismo" effect could increase arrest rates even if the underlying level of criminal activity has not changed. 12 In the context of juvenile correctional facilities, the simultaneity problem (first described by Manski (1993) ) is that the influence of peer characteristics, such as the intensity of peer criminal history, cannot be distinguished from the influence of future peer behavior. Because it is impossible to distinguish these types of peer effects without strong a priori functional form assumptions, we simply assume that peer effects operate through the influence of peer characteristics rather than subsequent peer behavior. 13 The standard errors that are reported for this system of regressions that include facility fixed effects are not further adjusted for clustering at the facility level. An analysis of the effects of controlling for clustering in a series of separate regressions had almost no effect on the estimated standard errors for models that included facility fixed effects. In fact, the standard errors on our parameters of interest decreased about as often as they increased.
effects that reinforce existing criminal tendencies and those that cause individuals to branch out into new areas of criminal activity is of first-order importance for (i) determining which theoretical explanations for the presence of peer effects are consistent with the data and (ii) policymakers concerned with optimal assignment, as knowledge of the nature of crime-specific peer effects helps to determine the best way to group individuals on the basis of prior criminal records. Second, the existing literature demonstrates that juvenile offenders show tendencies to specialize -i.e., recidivate in a crime category in which they already have a criminal history (Wolfgang et. al., 1972; Bursik, 1980; Rojek and Erickson, 1982; Cohen, 1986; Farrington et. al., 1988) . Within our dataset, Table 2 reports OLS estimates of regressions of recidivism in each crime category on whether the individuals had any history of each of the ten crimes. The first row presents the diagonal coefficients (e.g. the relationship between having a history of auto theft and recidivating with auto theft) while the second row presents the average of the off-diagonal coefficients. In every case but felony weapons, experience in a particular crime is a significant predictor of recidivating with that crime; in addition, the magnitudes of these specialization coefficients are greater than those for all other types of criminal experience (as reflected in the average of the off-diagonal coefficients). Thus, allowing an individual's prior criminal experience to have both a level and slope effect in equation (1) permits the estimated peer effects to take a flexible form with respect to the baseline propensity to recidivate in a crime category. 14 A third important feature of our main specification, and the main innovation of our analysis vis a vis the existing literature, is the inclusion of facility-by-prior offense fixed effects.
As written, " j applies to all individuals in the facility, while µ j is an additional facility fixed effect that applies to individuals with a history of offense type h, Offense h ijt . The inclusion of these fixed effects controls for: (i) the non-random assignment of individuals to facilities and (ii) any unobserved differences correlated across all individuals in a facility. In both cases, separate fixed effects are estimated for those with and without a prior history in a given crime category. This ensures that the impact of peers on recidivism is identified using only within-facility variation in peer exposure. 15 In order for this methodology to yield consistent estimates of causal peer effects, 14 It is important to note that both individual and peer criminal history measures are based on whether an individual has any history of the particular offense rather than whether it is the most recent offense. The results of additional regressions (not included in the paper) that include distinct variables characterizing an individual's past versus most recent crimes indicate that prior offenses have a remarkably similar impact on recidivism no matter when they occurred. This may reflect the short criminal histories of juveniles, which typically impy that even the most distant crimes have occurred in the not so distant past. 15 A natural concern that arises when including facility fixed effects is whether there is sufficient variation in the peer measures within facilities to identify peer effects precisely. Table 1 reports both overall and within-facility standard deviations for each peer measure, showing that a substantial amount of variation in peer measures remains when the variation is restricted to within-facility.
the timing of the assignment of individuals to facilities with respect to the particular peers in the facility at that time must be as good as random within the two-year sample period.
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Therefore, an important concern, which could invalidate this identifying assumption, is the possibility of trends in criminal activity. If, for example, there is a general upward trend in felony drug crimes over the course of our sample, then individuals observed later in the sample will both (i) likely be exposed to a higher proportion of peers with a history of felony drug crimes and (ii) be more likely to recidivate with a felony drug crime upon release; this would bias estimated peer effects upwards. To assess the extent to which peer composition (and therefore crime itself) has changed over the course of our sample period, we regress peer exposure in each of the ten crime categories on quarter of release dummies. Relative to the first quarter, we find that there is some evidence of downward trends in crime; this pattern is strongest for property crimes. However, just 29 of the 70 estimated coefficients are significant and the magnitudes of the coefficients are consistently quite small, especially when compared to the average peer measure; the average coefficient on the quarter of release dummies is just -.009.
To account for these slight trends in crime, we include quarter of release dummies t ! in our baseline specification -equation (1), although it is worth noting that these have a negligible effect on the estimated coefficients. We also provide additional evidence below that these minimal trends in crime are not a significant concern. In particular, we show that our main results
are not sensitive to controlling for crime trends in a number of ways, including: month dummies, judicial circuit by quarter dummies, and judicial circuit specific monthly time trends.
Diagnostic Tests of Identifying Assumption and Other Threats to Identification
As mentioned above, our ability to identify causal peer effects rests on the assumption that the timing of the assignment of individuals to facilities is as good as random within the twoyear study period. This assumption gives rise to a clear implication that is testable on observable characteristics: within-facility variation in peer characteristics should be uncorrelated with individual characteristics. In Tables 3a and 3b , we provide a test that individual observable characteristics are essentially orthogonal to the within-facility variation in peer measures. In particular, we construct an index of individual characteristics for each crime category using a measure of predicted recidivism derived from a regression of recidivism on individual characteristics and facility fixed effects; the predicted recidivism measure is the fitted value for the individual characteristics in this regression. This measure captures that part of recidivism that can be explained by observable attributes related to an individual's prior criminal history, age, sex, race, age at first offense, and residential neighborhood. Table 3a reports the results of regressing this predicted recidivism measure on just the two peer measures of primary interest for each crime category; i.e. the two interaction terms. Table 3b repeats these regressions adding facility-by-prior offense fixed effects. In Table 3a , the estimated coefficients are statistically significant in almost every instance. Thus, peer exposure is strongly correlated with pre-determined individual attributes that likely affect facility assignment.
In Table 3b , on the other hand, where only within-facility variation in peers is used in both measures, there is almost no evidence of correlation between peer characteristics and predicted recidivism. Almost all of the coefficients decrease in size by one to two orders of magnitude. In fact, for individuals without a prior history in the crime category, the coefficients, ! 1 , are never significant and in all cases are quite small. For individuals with a prior history in a crime category, only the felony weapons coefficient is significant, although it is still quite small in size.
In general, then, this strenuous test of our central identifying assumption strongly supports the conclusions that: (i) there is almost no correlation of the within-facility variation in peer measures with the key pre-determined individual attributes related to recidivism in each crime category and (ii) any analysis of peer effects that incorporates across-facility variation is likely to lead to sizeable biases in the estimated effects.
A separate issue related to facility assignment that might invalidate our identifying assumption is the concern that youths who have committed crimes together might be assigned to the same facility. If, for example, individuals who belong to the same gang have similar criminal histories and are sentenced to the same facility at similar times, we might estimate positive interactions between peer and individual criminal history variables in our recidivism regressions even in the absence of peer effects in correctional facilities. With regards to this potential concern, it is important to first point out that the lack of any systematic within-facility correlation between individual and peer characteristics described above already implies that there is not any undo clustering in the timing of assignment to correctional facilities for individuals with particular criminal histories. However, we further address this potential issue by examining clustering in the assignment of individuals to facilities on the basis of residential zip code. As a starting point, it is important to note that individuals are not generally exposed to many peers from the same zip code. In particular, of the 189 individuals released, on average, from a facility, an individual is exposed to only six individuals with the same residential zip code. Thus, individuals from the same zip code generally contribute only about two to three percent of the characteristics used in calculating an individual's peer measures. Table 4 tests whether there is any undue clustering of release or admit dates for individuals from the same zip code. To test whether individuals from the same zip code are disproportionately released or admitted closer to one another in time, we examine the difference between the proportion released (admitted) from the same zip code in a specified time period and the proportion released (admitted) from the same zip code in the overall sample. We consider individuals released within 7, 14, and 21 days of each other. Of the individuals released within seven days of one another, 2.8 percent share the same zip code, while 2.7 percent of all individuals released from the same facility share the same zip code. Similarly, 2.9 percent of those admitted within seven days of one another share the same zip code compared to 2.8 percent of those admitted during the first year of our sample period. 17 These differences, as well as those for the 14-and 21-day time periods, are not significant at the 5 percent level. More importantly, even if these differences were statistically significant, the magnitudes, which are only between 0.2 and 0.3 percent, would contribute so little to the variation in our peer measures that such neighborhood clustering cannot possibility explain even a small fraction of our results. Table 5 reports the coefficients ! 0 and ! 1 for a specification of the type shown in equation
IV.
Results
Main Results
(1) for each crime category. The full specification is reported in Appendix Table 2 and includes facility-by-prior offense fixed effects as well as additional controls for peer and individual characteristics characterizing criminal history in each crime category, total number of past felonies, age at first offense, current age, sex, and characteristics of the residential zip code.
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The first row of Table 5 reports ! 0 , the estimated crime-specific peer effect for those with a history of having committed the relevant offense and the second row reports ! 1 , the estimated 17 We restrict the sample to this period because we observe most of the individuals admitted during this period, missing only those serving particularly long sentences. In general, because our sample is based on all individuals released during a two-year period, we are not able to characterize all of the individuals admitted during any particular period. 18 While we look for evidence of peer effects in particular crime categories (such as grand larceny), it is certainly possible that individuals specialize in groups of particular crime categories (such as all thefts) rather than in just one particular crime category. Appendix Table 2 generally reveals broad specialization across drug crimes as well all forms of theft.
peer effect for individuals without a history of having committed this offense. The estimates of ! 1 are negative as often as positive, with no statistically significant evidence of positive peer effects in any crime category. In addition, the hypothesis that ! 1 equals zero in each category cannot be rejected; the p-value of the joint test is 0.3694. In contrast, the parameter estimates for ! 0 are positive in almost every case and statistically significant for burglary, petty larceny, felony and misdemeanor drug crimes, aggravated assault, and felony sex offenses. 19 Thus, exposure to a greater percentage of peers with a history of having committed burglaries increases the likelihood that an individual with a prior adjudication for burglary commits another burglary upon release; no such effect exists for those without a prior history of burglary.
As shown in Table 2 above, the history of a prior offense in a category is a strong predictor of future recidivism. Thus, in order to get a sense of the magnitudes of the estimated reinforcing peer effects, it is helpful to compare them to the mean propensity of an individual with a prior offense to recidivate in that same crime category. On average, for example, as indicated in Table 2 , individuals with a prior history of burglary recidivate with a burglary 13.6 percent of the time. Thus, the estimated reinforcing peer effect of 0.19 for burglary implies that a standard deviation increase in exposure to peers that have committed burglaries (0.16) increases the likelihood of recidivism from 13.6 to 16.6 percent for these individuals at the mean. Similarly, the estimated reinforcing peer effect for felony drug crimes of 0.31 implies that a one standard deviation increase in exposure to peers with a history of a felony drug crime (0.10) increases the likelihood of recidivating with a felony drug crime at the mean from 28.5 to 31.6 percent. In this way, the estimated magnitudes of these peer effects are sizeable, but also appear to be reasonable given the relatively high baseline propensities of individuals to recidivate in a crime category in which they have prior experience.
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While the nature of our analysis limits our ability to distinguish specific mechanisms through which peer effects operate, the general pattern of results presented in Table 5 does fit better with some mechanisms. One explanation that fits well with the existence of strong reinforcing peer effects and limited effects on those without prior experience in a crime category 19 Additional specifications, not included in the paper, show that the strong evidence of peer effects for felony drug crimes is primarily driven by felony non-marijuana drug crimes. 20 The magnitudes of the peer effects estimated here are also reasonable when compared to other setting where peers are randomly assigned. In a study of the effect of college roommate drinking on GPA, for example, Kremer and Levy (2003) find evidence of a large reinforcing peer effect. Specifically, they find that, on average, males assigned to roommates who reported drinking prior to entering college had a onequarter point lower GPA than those assigned non-drinking roommates. This effect is four times as large, a full point GPA, for males who themselves had a history of frequent drinking prior to college. Sacerdote (2001) also reports evidence that the interaction between own and roommate background characteristics has a strong influence on an individual's own freshman year GPA in college.
(particularly for misdemeanor drug crimes) is that peers reinforce addictive behavior. Another explanation that fits well with economic theory is that individuals may experience different returns from participation in different types of crimes related to natural abilities, opportunities, human capital accumulation, involvement in crime networks, or other factors (as in the legitimate sector of the economy). In this case, individuals with a history in a crime category have already revealed themselves to have high returns and, likely, substantial human capital in this category.
Consequently, access to peers that increase the individual's returns to this type of crime through, for example, social learning, may lead to increased activity in this category. 21 Conversely, access to peers that increase returns in another category may be much less valuable, as this may not raise the returns in that category enough to change the individual's optimal behavior.
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Robustness and Heterogeneity of Main Results
As discussed previously, one concern is that our findings are driven by trends in criminal activity. We therefore controlled for quarter of release in our main specification, as presented in Table 5 . To further assess the validity of this concern, we first test the joint significance of the quarter of release dummies in each crime category presented in Table 5 and present the resulting p-values. They are jointly significant at the five percent level only for auto theft and at the ten percent level for petty larceny. Thus, not only is there a low correlation between quarter of release and our peer measures, quarter of release also predicts little of recidivism. Table 6 further shows the robustness of our results across crime categories to time trends and presents the results of estimating equation (1) with (i) no controls for time, (ii) quarter of release dummies (i.e. our baseline specification), and (iii) interactions between dummies for the 20 judicial circuits and each quarter of release. The point estimates are remarkably similar across each of these specifications and evidence of a reinforcing peer effect is consistently seen for burglary, felony drugs, misdemeanor drugs, aggravated assault, and felony sex offenses; the reinforcing peer effect for petty larceny loses its significance when quarter by judicial circuit interactions are included, but is still very close in magnitude.
To simplify the comparison of our main results presented in Table 5 with alternative specifications (like those in Table 6 ), the rest of our analysis estimates equation (1) under the constraints that (i) the reinforcing peer effects are equal across crime categories and (ii) the non-21 A small but growing body of research in economics on social learning and network formation includes Besley and Case (1994) , Foster and Rosenzweig (1995) , Munshi (1999) , and Conley and Udry (2002) . 22 Put another way, it is important to distinguish between learning from one's peers and how that learning translates into subsequent criminal activity. The results suggest that learning in a category in which the youth already has experience may be more valuable and therefore more likely to be translated into action.
reinforcing peer effects are equal across crime categories. This yields just two coefficients of interest from each specification rather than twenty. Row (1) of Table 7 displays the results of estimating our baseline specification, presented in Table 5 , in this way. This yields a highly significant reinforcing peer coefficient of 0.111 and insignificant non-reinforcing peer coefficient of 0.006. These coefficients are virtually identical when controlling for quarter by judicial circuit interactions, month of release dummies, and judicial circuit specific time trends, as seen in rows (2) - (4) of Table 7 .
Row (5) of Table 7 presents the constrained coefficients that result when estimating equation (1) These are virtually identical to our baseline specification. In addition, most of the coefficients on the off-diagonal interactions, ! and ! , are not significant. Tests of the joint significance of these off-diagonal terms for each crime category indicate that (i) none of the non-reinforcing offdiagonal coefficients, ! , are jointly significant and (ii) the reinforcing off-diagonal terms, ! , are jointly significant at the ten percent level for only burglary, aggravated assault, and felony sex offenses. In addition, none of the off-diagonal coefficients are consistently significant across the ten crime categories. For instance, exposure to peers with a history of felony drug offenses or sex offenses does not increase the recidivism of all individuals, just those individuals with histories of these offenses themselves. Thus, the reinforcing peer effect reported in our main specification is driven by crime-specific peer exposure.
To test the robustness of our measures of peer exposure to the measurement error associated with the censoring of the sample, we estimate equation (1) using only those individuals who are released during the middle two-thirds of our sample, October 31, 1997 through February 28, 1999. Because the average sentence length for the sample is less than six months, only a small portion of the peer exposure measure must be estimated for these individuals. The estimated constrained coefficients are presented in row (7) of Table 8 and are equal to 0.176 ( 0 ! ) and 0.014
( 1 ! ). The magnitudes of these effects are somewhat greater than those reported in our baseline specification, which is consistent with the notion that the measurement error induced by the portion of the peer measure that needs to be estimated for some individuals due to censoring has an attenuating effect on the estimated peer effects.
Finally, we assess whether the estimated peer effects are heterogeneous across facility characteristics, beginning with facility size. As discussed above, the peer effect identified in our analysis combines the true impact of each peer interaction within the facility with the likelihood (or intensity) with which that interaction occurs. Thus, the estimated peer effect might differ by facility size for two reasons: (i) the true peer effect is different in small facilities or (ii) peers interact differently within large versus small facilities. 23 Row (8) of Table 7 presents the results of estimating the constrained version of equation (1) While we do not have enough data to examine peer effects separately for each type of programming used in the state (e.g., group homes, boot camps), we can estimate the model separately for the 6,990 individuals in residential facilities and 1,226 individuals in nonresidential facilities. Rows (9) and (10) of Table 7 present the results for residential and nonresidential facilities, respectively. The constrained reinforcing peer coefficient is equal to 0.100 in residential facilities, which is very similar to that seen for the entire sample. For non-residential facilities, this coefficient is equal to 0.171. Thus, reinforcing peer effects appear to be even larger 23 Also note, it is generally not possible to sign the bias that would result if true peer groups consisted of a smaller subset of the individuals within a facility. Manski (1993) points out that it is impossible to identify the true reference group without some a priori knowledge of the way that individuals interact within a larger group; see Section 2.5 in particular. In general, depending on how peer characteristics are defined in the analysis and how individuals actually interact, the mis-specification of the proper reference group can bias the results in any direction.
in non-residential facilities. The constrained specification, however, masks the fact that this reinforcing peer effect is being driven by large coefficients for the crimes of auto theft, robbery, felony drug offenses, and aggravated assault. A potential explanation for these effects is that the crimes of auto theft and felony drugs are largely dependent on access to networks. 24 Nonresidential facilities may inadvertently increase the formation and expansion of criminal networks by bringing together young offenders from surrounding neighborhoods.
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This points to an obviously difficult issue for policymakers in how best to deal with first-time and other young juvenile offenders, as the evidence presented here implies that grouping them together in nonresidential facilities may lead to the rapid expansion of criminal networks.
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V.
Conclusion
This paper analyzes the influence that juvenile offenders serving time in the same correctional facility have on each other's subsequent criminal behavior. The results provide strong evidence of the existence of peer effects in juvenile correctional facilities. In almost all instances, these peer effects have a reinforcing nature, whereby exposure to peers with a history of committing a particular crime increases the probability that an individual who has already committed the same type of crime recidivates with that crime. In our main analysis, this form of a reinforcing peer effect is positive and significant for the cases of burglary, petty larceny, felony drug offenses, misdemeanor drug offenses, aggravated assault, and felony sex offenses. In contrast, we find no evidence that exposure to peers with particular criminal histories significantly increases an individual's propensity to recidivate in a crime category in which the individual has no prior experience. In addition, there are large reinforcing peer effects for the crimes of auto theft and felony drug offenses in non-residential facilities; we, therefore, conjecture that the grouping of juveniles from nearby neighborhoods may inadvertently foster the formation and expansion of criminal networks.
A number of mechanisms are particularly capable of explaining the most robust feature of our findings: that peer effects tend to reinforce existing criminal behavior. One such explanation is that peers reinforce addictive behavior, which may explain part of the large reinforcing peer effect for misdemeanor drug crimes. Another important explanation is that the matching of peers with common histories may lead to the creation and expansion of criminal networks, which are important for crimes such as auto theft and felony drug crimes. A more general explanation for reinforcing peer effects that we advance in the paper is that peers may increase knowledge about specific crimes, thereby increasing returns to committing those crimes.
While one might initially expect this to lead to increased criminal activity by all individuals, the importance of specialization in criminal activity suggests that increased returns to a criminal activity are likely to lead to the largest increase in criminal activity in a crime category in which an individual has already specialized, thereby leading to the existence of reinforcing peer effects.
The results of our analysis have several policy implications. First, while a policy of grouping offenders with others who have committed the same crimes may seem prudent to prevent the exposure of young offenders to peers with experience in other criminal activities, such a policy may inadvertently increase exposure to peers with experience precisely in those crime categories where it is likely to be of greatest use. Second, and more broadly speaking, the existence of peer effects in juvenile criminal behavior suggests that any reduction in crime leads, through reductions in the criminal histories of peers, to future reductions in crime. It is important to account for these dynamic benefits when considering the overall benefits of reducing crime.
Our analysis suggests caution in pursuing strategies that incarcerate more juveniles, as the intense exposure of juvenile offenders to one another in correctional facilities may increase the amount of criminal behavior upon release. 27 However, our analysis also suggests that other programs that reduce juvenile crime might have dynamic benefits that greatly enhance the short-term benefits derived from the decreased criminal behavior of program participants, so long as they do not increase the intensity of juvenile offenders' exposure to one another or maintain a controlled social environment.
Appendix 1
This appendix describes the exact procedure we use to calculate the peer characteristics used in the analysis. More specifically, when calculating an individual i's peer exposure, we allow each observed potential peer, j, in the facility to contribute to this measure in two ways- We estimate w ij by calculating the expected number of days that individual i is exposed to an individual with a sentence the length of individual j's who would have been released either before or after the sample period. In doing so, we make the assumption that each facility is in a steady state with respect to the peers served over the relevant period and that the release date of each individual is randomly distributed across the sample period. The calculation of w ij is best understood by considering an example. Consider individual i released 30 days after the sample period begins, having served a sentence of 150 days. Additionally, consider a peer, j, in the same facility with a sentence of 50 days. This information is depicted in the following diagram, where the horizontal axis represents time, t, and the vertical axis represents the number of days individual i would be exposed to peer j if peer j is released at date t.
Scenario 1: date_release[i] <= days_in[i] -days_in[j]
Example:
Any individuals who are released before t = 0 will be unobserved in the sample. To calculate the average number of days that individual i is expected to have been exposed to individual j, we simply divide the area of the shaded region by 729 (the number of days in the observed sample).
To see this more clearly, imagine, for example, that one individual with a 50-day sentence is released during the sample period. In this case, the probability that such an individual was also released in the 120 days before the sample period is 120/729 and the average exposure of individual i to this individual is simply the average height of the shaded region. Thus, the correct weight for individual j, w ij , is simply the area of the shaded region (length * average height) divided by 729.
This example depicts the correction made for just one case of pre-censoring. For peers with very long sentences, pre-censoring can occur such that the unobserved region is just the shaded triangular portion of the diagram above. Similarly, there are two cases of post-censoring that parallel those of pre-censoring. The following are examples and diagrams that depict the three additional censoring scenarios. In each scenario, w ij is set equal to the area of the shaded region divided by 729.
Scenario 2: days_in[i] -days_in[j] < date_release[i] <= days_in[i]
Example: Weighted average of the number of incarcerated people in an individual's peers' zip codes NOTE.-Neighborhood characteristics are constructed for Florida zip codes only. Individuals with zip codes from other states are assigned a zero for all neighborhood characteristics, and a dummy variable denoting that an individual has an out-of-state zip code of residence is included in all regressions. This allows us to maintain the full sample for the regressions, and it controls for the potential problem that out-of-state youths are less likely to recidivate in Florida. NOTE.-Each column represents a different specification which is estimated by OLS, where the dependent variable is recidivism in the crime category at the top of the column. Offense varies across specifications, according to the crime category listed at the top of the column. Thus, in the first column, Offense is "Auto Theft" (individuals with a history of auto theft). Each specification also includes controls for whether the individual has any history of each of the other nine crime categories; for brevity, only the average of these off-diagonal coefficients is presented in the table. The absolute values of tstatistics are in italics. ** represents significance at 5% level and * represents significance at 10% level. All standard errors are corrected for clustering at the facility level. NOTE.-Each column represents a different specification; Offense and Peer_offense vary across specifications. Thus, in the first column, Offense is "Auto Theft" (individuals with a history of auto theft) while Peer_offense in this specification is Peer_auto (exposure to peers with a history of auto theft). The absolute values of t-statistics are in italics and are based standard errors that are clustered at the facility level. ** represents significance at 5% level and * represents significance at 10% level. The dependent variable is predicted recidivism of the crime labeled at the top of each column. The predicted value for each crime category is calculated from a regression of recidivism with the particular crime category on the entire set of observable individual characteristics and facility fixed effects. This predicted value is then regressed with OLS on just the variables presented in these tables. NOTE.-Each column represents a different specification; Offense and Peer_offense vary across specifications. Thus, in the first column, Offense is "Auto Theft" (individuals with a history of auto theft) while Peer_offense in this specification is Peer_auto (exposure to peers with a history of auto theft). The absolute values of t-statistics are in italics. ** represents significance at 5% level and * represents significance at 10% level. The dependent variable is predicted recidivism of the crime labeled at the top of each column. The predicted value for each crime category is calculated from a regression of recidivism with the particular crime category on the entire set of observable individual characteristics and facility fixed effects. This predicted value is then regressed on just the variables presented in these tables; all specifications are simultaneously estimated as a seemingly unrelated regression (SUR). NOTE.-The value in each 'Mean in 5-digit zip' cell represents the proportion of individuals who have a peer released (admitted) from the same facility that is from the same zip code during the specified time period. Note that the mean for the overall sample period is calculated using the sample of individuals who have at least one peer released (admitted) within 7, 14, and 21 days, respectively. The absolute value of the t-statistic corresponding to each difference is presented in italics. (1) for the ten crime categories simultaneously via a seemingly unrelated regression (SUR). Offense and Peer_offense vary across columns according to the crime category listed at the top of each column. In the first column, Offense is "Auto Theft" (individuals with a history of auto theft) while Peer_offense in this specification is Peer_auto (exposure to peers with a history of auto theft). Each specification controls for: facility-by-prior offense fixed effects, quarter of release dummies, peer demographic and criminal history characteristics, and individual demographic and criminal history characteristics. The absolute values of t-statistics are in italics. ** represents significance at 5% level and * represents significance at 10% level. The joint hypotheses that the coefficients are equal to zero are evaluated using a Wald test. NOTE.-Each of the above panels estimates equation (1) for the ten crime categories simultaneously via a seemingly unrelated regression. The results presented in each panel control for facility-by-prior fixed effects, peer demographic and criminal history characteristics, and individual demographic and criminal history characteristics. Controls for time trends differ across panels. The first panel has no controls for time trends, the second panel includes quarter of release dummies, and the third panel includes quarter of release dummies, judicial circuit dummies, and a complete set of interactions between quarter of release and judicial circuit. Offense and Peer_offense vary across columns, and correspond to the crime category noted at the top of the column. In the first column, Offense is "Auto Theft" (individuals with a history of auto theft) while Peer_offense in this specification is Peer_auto (exposure to peers with a history of auto theft). The absolute values of t-statistics are in italics. ** represents significance at 5% level and * represents significance at 10% level. A brief description of the specification (i.e. the variables included/excluded or the sub-sample used) is presented in the second column. We estimate each specification for all ten crime categories using a seemingly unrelated regression (SUR) but constrain both the estimated reinforcing and non-reinforcing peer effects to be equal across crime categories. Thus, rather than 20 coefficients of interest, each of these specifications generate just two coefficients of interest and provide a way of summarizing the results presented, for instance, in the first two rows of Table 5 . Unless otherwise indicated, ach specification also controls for: facility-by-prior offense fixed effects, quarter of release dummies, peer demographic and criminal history characteristics, and individual demographic and criminal history characteristics. (1) for the ten crime categories simultaneously via a seemingly unrelated regression (SUR) and correspond to the main results presented in Table 5 . All specifications include facility-by-prior fixed effects and quarter of release dummies. Offense and Peer_offense vary across columns according to the crime category listed at the top of each column. In the first column, Offense is "Auto Theft" (individuals with a history of auto theft) while Peer_offense in this specification is Peer_auto (exposure to peers with a history of auto theft). The absolute values of t-statistics are in italics. ** represents significance at 5% level and * represents significance at 10% level.
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